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ABSTRACT 
Many general-purpose simulation languages (such as 
ARENA, SLAM II, GPSS/H, SIMAN etc) have been the 
major simulation tools to simulate the demand-supply 
processes.  They have made great contributions to the de-
cision making.  But in the recent years, followed by the 
fast development of WINDOW applications, powerful PC 
hardware and software, numerous applications have used 
different approaches to develop simulation applications.  
One rapidly developing area in simulation is dynamic 
data-driven simulation (DDDS) by using data manipula-
tion and analysis packages.  SAS is a powerful tool for 
data analysis and data manipulation.  It can also be used 
to build simulation models in data driven applications.   
This article presents our research development in this area 
for demand forecast applications. 
1  INTRODUCTION 
Some traditional simulation languages (for example 
SLAM II, ARENA, GPSS/H, and SIMAN) are specially 
designed for simulation.  In the 90’s, they were the major 
tools to simulate complicated processes.  Even today, 
many of them still provide very useful results for decision 
making.  Numerous papers and books in their applications 
have been published.  Courses on general-purpose simula-
tion languages have been offered in numbers of higher 
education institutes.  When a general-purpose simulation 
language is used to construct a simulation model, a dis-
crete event simulation model (including NETWORK 
model and animation) is often generated.   
Compared with other commonly used software such 
as JAVA, C++ and C#, the market share of the general-
purpose simulation language has not reached to a certain 
scale yet. In fact, some popular used packages such as 
SLAM II or SIMAN in early 90’s are no longer popular 
as before because many new vendors with newer soft-
ware, products and methods have appeared on the simula-
tion market.  Although this is the nature of the software 
industry, there are several observations that the author 
would like to make some comments.  
It is obvious the rapid development of the WINDOW 
visual programming and computer games in the last 10 
year have big impact on the directions in the discrete 
event simulation.  If any traditional general-purpose simu-
lation language fails to follow the trend, it is likely the 
software will be out of the competition.  In the recent 
years, followed by the fast development of WINDOW 
applications, powerful PC hardware and software, numer-
ous applications have used different approaches to de-
velop simulation applications.  One rapidly developing 
area in simulation is dynamic data-driven simulation 
(DDDS) by using data manipulation and analysis pack-
ages.   
The term DDDS comes from the dynamic data-driven 
application system (DDDAS) which was formalized by 
Darema (2000) around the time of a National Science 
Foundation (NSF) workshop in March of 2000 and is a 
new and fairly active area of research.  The data in a 
DDDS is fed into an executing simulation model either as 
the data is collected or from a data archive.  The dynamic 
portion of the DDDS implies that the input data will be 
used to influence the measurements for additional data it 
may require. Current research for these systems focuses 
on simulations of physical/artificial/social entities.  Many 
of these simulations are inspired by older models used to 
make predictions about physical systems (i.e. weather 
forecasting, oil exploration, etc).  The simulation can then 
make predictions about the entity regarding how it will 
change and what its future state will be.  The simulation is 
then continuously adjusted with data gathered from the 
entity.  The predictions made by the simulation can then 
influence how and where future data will be gathered 
from the entity, in order to focus on areas of uncertainty.  
There are several issues and factors which influence 
the fast development of the data driven simulation model-
ing technology. 
The technical support and software cost is a serious 
concern to many companies which do not purchase cer-
tain software unless the software can be widely used in 
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the company with low software cost per machine and with 
the vendors’ technical support to all the update versions.  
The high cost of software is forcing many companies to 
keep only certain numbers of software for their opera-
tions.  At the Boeing Company, the IT department plans 
to reduce the number of software licensed at Boeing from 
several hundreds to less than one hundred.  Even lots of 
simulation software are popular and powerful with good 
functionalities, they may still be removed from the IT 
support list, or the number of licenses is significantly re-
duced due to the high cost.  So many analysts have to use 
the existing software to construct simulation models.   
DDDS is a method which can utilize the existing software 
well. 
How to maintain/allocate the adequate simulation re-
sources efficiently within a company organization is also 
an issue due to the limitation of the simulation usage.  It is 
often takes fair amount of time to learn a general-purpose 
simulation language then to develop a model.  The devel-
opment process includes the model construction, network 
flow, program compile, model validation, model output 
development and analysis.  After model constructed, the 
language itself may not be used frequently.  To use the 
general-purpose language frequently, the best way is to 
have a centralized simulation team within a company.   
Their major task is to build different simulation models.  
This may not be the situation for many companies includ-
ing large companies.  Many departments at Boeing do 
need to use simulation as a tool for decision making.  To 
build a useful simulation model, it does not only require 
one to know the language itself, but also to know the real 
system very well and can transform the real system by an 
adequate simulation model.  The centralized simulation 
team knows the language itself very well but perhaps not 
the real system.  Vice versa, those experts know the sys-
tem very well.  But they may not have enough training in 
modeling and simulation. 
At the Boeing Integrate Material management divi-
sion (IMM), the Demand Forecast group has great back-
ground in math., statistics, operations research, econom-
ics, social studies and other related areas.  But very few 
people in this group had special training in the general-
purpose simulation languages.   The discrete event simu-
lation model construction requires “art” as well as the 
creative thinking.  It also requires generating the input 
data with certain distributions to the model.  To obtain the 
distributions of the actual data, it involves a quite work 
for the data processing and analysts.  The data processing 
process implies a lot of extra work. 
On other hands, massive input data and software to 
collect and generate the data are already available in 
many companies.  Under the DDDS modeling develop-
ment, modelers are required to make decisions with 
regard to which data to absorb, when it should be 
absorbed, and how it should be absorbed.  Our Boeing 
IMM Demand Forecast group uses SAS dealing with 
large amount of data daily.  SAS has very strong data 
processing ability and is the software for our group to 
build the data-warehouse and perform forecast.  Instead of 
using or purchasing the general-purpose simulation lan-
guage, we use the existing data and SAS to develop data 
driven simulation models which become great tools in 
many decision making projects for Boeing IMM.   
2  THE INVENTORY SIMULATION MODEL 
Keeping adequate inventory is a very important factor for 
airlines to have desired service level.  When the mainte-
nance division requires certain quantity of a part and the 
part is available at the desired warehouse, a success oc-
curs.  Otherwise, a failure occurs.  Most airlines require 
very high service level from 97% to 99%.  Many parts are 
expensive with high holding costs.  It is a challenge to 
manage the inventory level to achieve the service level 
with the minimum costs.  How to set up certain reorder 
point (ROP) and reorder quantity (ROQ) is a difficult 
task. Hillier and Lieberman (1980) provided some basic 
and useful formulas in their famous book “Introduction to 
Operations Research”. 
 
 
Figure 1: An inventory model with failure allowed 
 
Following data are assumed available at the given 
airlines: 
 
•  The snapshot of the airline inventory level at the 
given time is known. 
•  The issue and return quantity of all parts of the main-
tenance division of the given airline during the given 
time period. 
•  The lead time of each part after order is placed is 
given and unchanged during the study period.  That 
is, the number of days from the part ordered to the 
part arrived to the maintenance facility is considered 
a constant 
•  The price (or cost) of each part is given and un-
changed during the study period.   
 
Of course, other data would be great help such as 
maintenance schedule data, maintenance type data (A 
check, C check or D check), airplane flight data (flight 
hours and cycles) and airplane model type.  But in many 
cases, some or all the desired data might be difficult to be 
provided by the airlines. 
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If an optimization model based on the parts historical 
consumption data has been built and all the ROP and 
ROQ have been generated for the airlines maintenance 
group, then it is important to check if the ROP and ROQ 
generated from the model can achieve the desired service 
level.  The best tool is to use simulation to verify the ROP 
and ROQ. 
3  IF A DISCRETE EVENT SIMULATION 
MODEL APPLIED 
We may use any general-purpose simulation language to 
build the discrete event simulation inventory model.  It is 
important to define all events and nodes associated with 
the model.  Following events and nodes might be needed 
(SLAM II terminologies are used here as an illustration): 
 
•  Arrival event: the customer demand arrival distribu-
tions which may or may not be exponential distrib-
uted. 
•  Server: if one warehouse is used, one server system is 
applied.   The service rate may or may not be expo-
nential distributed.  
•  Failure rate: since the desired service level may not 
be 100%, certain percent of failures are allowed 
•  AWAIT node is needed when requested quantity is 
not satisfied. 
•  When parts are not needed and returned to the ware-
house, the inventory level changed.  This is another 
arrival process.  The return interval and its distribu-
tions also needed for the model 
•  When a demand arrives, the inventory level changes.  
An ASSIGN node is required 
•  When the inventory level is below the ROP, an order 
is placed.  The model needs to schedule ordered 
quantity to arrive to the system within certain time 
period (ROLT). 
•  Number of demand and number of failures need to be 
counted to calculate the service level.   
•  The output reports for decision makers -   those out-
put reports include monthly service level report, av-
erage daily inventory level report and parts return 
rate statistics report. 
 
Boeing IMM division did not purchase any general-
purpose simulation software and cannot show the detailed 
model in this paper. 
However, the following SLAM II NETWORK chart 
could be an illustration of the model presented to the 
management. 
 
 
Figure 2: An illustration of a SLAM II network model 
Unfortunately the above model is only for ONE part.  
Many airlines have more than 50,000 parts active (with 
issue quantity and/or return quantity) at a given time pe-
riod to achieve the desired overall service level.  It is ob-
vious that the above discrete event simulation model is 
not suitable to obtain the final results for all 50,000 parts 
at ones.  All parts may have to be divided by 5 to 100 
categories based on part price, part arrival time (lead 
time) and number of demands during the study period.  If 
over 100 combined categories for the 50,000 parts are de-
fined, the event interval distributions analysis for each 
category is a quite heavy task.  It is difficult to apply the 
above model for Boeing IMM division to perform the de-
cision analysis.   
4  DATA DRIVEN METHOD FOR THE 
INVENTORY SIMULATION MODEL 
An alternative way has been applied to build the simula-
tion model by using the SAS data steps to simulate the in-
ventory process.  The methods present here is general and 
can be applied to other areas such as Airport Traffic con-
trol, correction center capacity analysis and other indus-
trial and social studies. 
The major business rules and inventory policies can 
be formulated by the following math formulas: 
 
H i =  H 1 − i - D i + I i + R i  
D i >0 if H i ≤ROP + DQ i  
 
where ROP is the reorder quantity, DQ i  is the total 
DUEIN quantity at day i, and  H i , D i , I i  and R i  are the 
inventory level , demand quantity, receiving quantity and 
returned quantity at day i respectively.   
When an order is placed, the order quantity satisfies: 
 
D i = ROP -  H i  + ROQ - DQ i  
 
where ROQ is the plan reorder quantity.  For simplifica-
tion, the ordered quantity D i will arrive to the warehouse 
after ROLT days (the lead time). 
To build above simulation model by data driven 
method, data is crucial point since no discrete events are 
needed. The major task is to design a data structure to 
pass the above recursive formulas to generate the output 
data.  Then SAS is applied to use the output data to gen-
erate all output reports.  The following designs and steps 
illustrate how the model is being built. 
 
•  The plan data for each day in the simulation is 
needed.  That is, ROP, ROQ and ROLT should be 
available for each day during the simulation time 
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frame.  And the initial inventory quantity H1 at day 
one should also be available.  To eliminate the impact 
of the initial inventory, H1 can be set as ROP+ROQ 
so the simulation can be in the stable condition after 
simulation starts. 
 
•  The actual transaction data (ISSUES and RETURNS 
quantity) is required for each part at each day.  If 
there is no ISUUES or RETURNS at that day, the 
quantity should be zero. 
•  The suitable SAS procedures should be selected.  
PROC IML becomes a candidate first since it deals 
with matrix data very well.  The days in the simula-
tion become a  1 × n  matrix where n is the number of 
days.  This is similar to the clock in the discrete event 
simulation.  
•  In contract to the discrete event simulation, it is con-
centrated on the data passing to the model.  That is, 
what types of data should be constructed. 
 
Lead by Dr. Mike Huffman, a data driven simulation 
model has been built by SAS PROC IML to use the recur-
sive relationship between H i and H 1 − i .  Several very use-
ful output variables for the inventory plan such as service 
level, fill rate, return rate are also calculated.  After simu-
lation ends, all inventory and service failure data have 
been generated by the IML matrix.  So the output reports 
are also generated by SAS. 
One issue by using PROC IML is the matrix size 
might be huge since no blanks (missing data) are allowed 
in the matrix. So all quantity at no transaction days have 
to be set as zero.  If the part population is 50,000 and six 
months of operation is simulated, several matrices in the 
simulation will have the size 50000 x 181.   When fast PC 
is not available, the simulation run might take several 
hours.  Now with fast PC with more memories, it takes 
much less time to complete the simulation.  But it may 
still take couple of hours to complete the simulation to 
compare two or more plans.  Improving the simulation 
running speed becomes our next development. 
5  FURTHER DEVELOPMENT OF THE 
INVENTORY SIMULATION MODEL BY 
USING HYBIRD METHOD 
The PROC IML runs slow when the matrix is huge.  In 
our inventory model, there are lots no-activity days during 
the simulation period.  All issue or return quantities are 
zero in those days.  But it consumes the majority of com-
putation resources to go through the no-activity days in 
the simulation. 
A new “hybrid” method has been created by the au-
thor to re-construct the model.  The new method com-
bines the concept of discrete “events” and SAS data steps.  
The advantage of using PROC IML to build the model is 
the coding and design is easier since the output data is 
generated at each time point during the simulation period.   
So if the output data is generated only at the time when an 
“event” occurs, the running speed will be much faster.  
The following events are created by the hybrid 
method: “INITIAL” event, “ISSUES” event, and 
“RETURN” event.  For each “INITIAL” event and 
“ISSUES” event, an artificial “RECEIVE” event is cre-
ated first.  The key design idea is that each “RECEIVE” 
event must be paired with an “INITIAL” event or an 
“ISSUES” event.  When no order is placed at the 
“INITIAL” event or the “ISSUES” event, the correspond-
ing “RECEIVE” event data should be removed from the 
simulation output data.  It means, the data needs to be vis-
ited twice during the simulation.  The first round is to 
build the structure and the second round is to fill the data 
which includes deleting unnecessary “RECEIVE” events 
from the data.  
Because each “RECEIVE” event is paired with an 
“INITIAL” event or an “ISSUES” event and the lead-time 
is a constant during the simulation for each part involved 
in the simulation, the “RECEIVE” event date will be R 
days later after an “INITIAL” event or an “ISSUE” event 
where R is ROLT (lead time) days. This assumes that 
each “INITIAL” event as well the “ISSUES” event ac-
commodated with an order activity.  We know this defi-
nitely not true since at the “ISSUES” event and 
“INITIAL” event, an order activity will occur only when 
in INBIN quantity is below the ROP.  Since we have the 
artificial “RECEIVE” event with certain date, then the 
whole data can be sorted chronologically according to the 
event order.  This is very similar to the SAS PROC IML 
except IML output occurs at all time point and the hybrid 
method outputs data only when it is needed. 
The challenge now becomes how to eliminate some 
“RECEIVE” events since their paired “INITIAL” event or 
“ISSUES” event may not have an order activity.  By us-
ing the RETAIN statement at the SAS data steps, we are 
able to tracking the RECEIVE events to decide which one 
should be eliminated.  When no order occurs, the corre-
sponding “RECEIVE” event will be eliminated from the 
SAS data.  The SAS data is sorted by part number, event 
date (several events could happen at the same day) and 
event for processing.  In order to achieve more efficient 
calculation, the part population is classified as several 
groups by number of “ISSUES” event since each 
“ISSUES” event requires a “storage” place for the possi-
ble ordered quantity.  After a particular part processed, 
the storage space (memory space) for the part will be re-
lease and reset for the next part.   All the above events are 
done by using SAS steps and other SAS procedures.   
Compared with using the PROC IML, the coding is more 
complicated and difficult.  
2598Yang 
 
The detailed codes of this method will not be pre-
sented here.  The final results show that the simulation 
runs very fast.  It takes about one minute to simulate 
50,000 parts inventory modeling for one year operation 
that is almost 100 times faster than using the PROC IML 
method.  Since each event time point can be stored, the 
time interval between events can be calculated.  Thus all 
reports available by PROC IML method can also be gen-
erated by using the hybrid method. 
The hybrid method is data driven and the actual data 
is manipulated and passed to the model.  Similar to the 
PROC IML method, the data has to be formulated as cer-
tain ways with certain variables to run the simulation. 
6  COMMENTS 
The discrete event simulation model puts more emphasis 
on building the model network flow and on the event con-
struction.  The data is used to support the event construc-
tion as parameters.  When the data driven simulation 
model is applied, the model designer must pay very close 
attention to the data and data structure.  The designer also 
needs to manipulate the data.  In many cases, no distribu-
tion functions about the input data are assumed. 
Data should be integral part of the simulation.  They 
are not only some parameters of the model.  When data is 
changing dynamically, the model will provide “if then” 
results.  In fact, changed data may change the distribu-
tions of the data itself; the simulated results will reflect 
the results under different distributions. 
All large companies have huge amount data and they 
already use some data processing software to deal with 
the data.  If the software has a strong statistical analysis 
ability, it can be used as the data driven modeling tool to 
answer “if then” type of questions since the data can be 
manipulated easily through the data processing software.  
This type of data driven simulation is dynamic and can 
use the actual data instead of assuming data distributions 
to generate some random numbers. 
It has a great advantage to use SAS for data driven 
simulation since not only SAS has very strong data proc-
essing ability, but also SAS has many statistical analysis 
packages to perform the simulation.  The output data from 
the simulation is much easier to be processed and ana-
lyzed by using SAS. 
The discrete event simulation network flow model 
generally is suitable to simulate more complicated model 
while data driven simulation is suitable for larger data.  
Since the hardware cost is much lower than decades ago, 
the data driven simulation model becomes much common 
now.  But it cannot replace the discrete event simulation 
model since they have different emphasis and different 
view of the process to be simulated.  
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